temperature, packing time, packing pressure, mold temperature, and melt temperature) to minimize warpage and shrinkage. Li, H et al. investigated the influence of process parameters on the appearance of weld lines using the Taguchi method. Kim et al. considered the clamp force as a constraint condition and optimized the process parameters that directly minimize the length of the weld line. Wu, C et al. determined the optimum values of process parameters that minimize warping with weld lines as constraints using GA. Shi. H et al. proposed an adaptive optimization method based on a NN model and determined optimal process parameters to minimize warpage. Kitayama, S et al. optimized process parameters to simultaneously improve warpage and cycle time using straight water pipes and complex water pipes, and demonstrated their effects by numerical simulation and verification experiments. They also determined the optimum values using an approximation optimization system with a radial basis function network, considering the melt temperature and mold temperature in addition to the variable pressure profile as design variables. Dang, X et al. introduced two robust general optimization frameworks for optimizing process parameters, including direct numerical optimization and an optimization meta-model based on cooling time, warpage, and residual stress as objective functions. Xu, G et al. integrated Taguchi's parameter design method, backpropagation NN, grey correlation analysis, particle swarm optimization (PSO), and multiobjective PSO to determine the Pareto optimal solution to multi-objective optimization problems, and determined the optimal process parameters by fuzzy set theory.
In previous research, several methods were proposed to determine optimum injection conditions. However, they focused on a single forming defect. There is a possibility that multiple forming defects may occur simultaneously. Thus, it is necessary to determine the appropriate process parameters to avoid multiple forming defects.
In this study, a method based on a NN model to determine the optimum injection conditions is proposed and developed by automatically and quantitatively evaluating multiple forming defects. Figure 1 shows the flow of the developed system: images are taken by a camera, forming defects are automatically recognized by image data processing, and the optimum injection conditions are determined by a NN model. Five forming defects: short shots, burrs, uneven color, weld lines, and transfer defects, are the analysis objects. In order to recognize the defects, three recognition methods were proposed, and the forming state of formed products was quantitatively analyzed. A NN was then constructed based on the analyzed results to determine the optimum injection conditions. The usefulness of the developed system was confirmed by conducting experiments with the injection conditions determined by the system.
Automatic recognition of injection forming defects
In this study, shape defects (short shots, burrs), uneven color, weld lines, and transfer defects were considered as the forming defects. These defects are quantitatively recognized by processing images of the formed products taken by a camera.
Image taken by a camera Automatic recognition of forming defects Determination of optimum injection conditions by neural network Ogawa, Aoyama and Sano, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.12, No.6 (2018) 
Recognition method of shape defects (short shots, burrs)
An injection burr is formed by resin that extends/protrudes from the mold space into the parting faces. A short shot is formed by a small amount of injection resin or inadequate mold bumping. Molding experiments were conducted under various conditions using an injection molding machine (EP 20 EH 2 from Sodick LED Co., Ltd.). The formed products were classified as either non-defective or defective. Figure 2 shows examples of formed products classified as a short shot product, non-defective product, and burr product.
The shape defects, i.e., short shot and burr, were quantitatively identified by pixel number taken from the image of the product. Thirty images of non-defective products were binarized, and the pixel number of each image of the formed product was counted. The average number of pixels was 97445, which was determined as the number of pixels necessary to be a non-defective product. A range was set for the pixel number of formed products in order to identify short shots and burrs. In the experiments, acrylonitrile butadiene styrene was used as the injection material. Usually, a size error of ±0.4% to ±0.6% is permitted for non-defective products. A ±0.2% size error is set as the dimensional tolerance corresponding to non-defective products. As shown in Table 1 , formed products with pixel numbers corresponding to +0.2% or more and -0.2% or less of the average pixel number of non-defective products were determined as burr products and short-shot products, respectively. Formed products with pixel numbers corresponding to ±0.2% of the average pixel number of nondefective products were considered non-defective products. The difference number of pixel for the average pixel number of non-defective products was considered as the quality degree of the formed product on shape defect.
Recognition method of uneven color
Uneven color occurs when unexpected color patterns appear on the surfaces formed by the flow and solidification processes of the molten resin. Figure 3(a) shows an example of a product with uneven color. When compared with the image data of a formed non-defective product shown in Fig. 3(b) , silver streaks, jetting, and flow marks that indicate defects in appearance are observed. In the study, the frequency feature detection image was used to discriminate the uneven color part. Figure 4 shows the process to generate a frequency feature detection image from the photographed image data. As shown in Fig. 4(a) , the photographed image data of a formed product has color data: the red, green, and blue (RGB) values of each pixel of the image taken by the photography device. The RGB values of each pixel were acquired from the photographed image data of the formed product, and plotted in three-dimensional (3D) space with the x-axis, y-axis, and z-axis as the R value, G value, and B value of each pixel, respectively, as shown in Fig. 4(b) . Based on the plotted result, the number of pixels with the same RGB values were counted and a color histogram of RGB values was derived, as shown in Fig. 4(b) . The number of pixels with a set of RGB values is called the appearance frequency. After deriving the 3D color histogram in Fig. 4(b) , the pixel number with the same RGB values is assigned to the pixel with the RGB value as the image data as shown in Fig. 4(c) . In other words, the pixels with a set of RGB values (R1, G2, B3) in Fig Ogawa, Aoyama and Sano, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.12, No.6 (2018) the 3D color histogram. The number of appearances is then assigned to the pixel with the set of RGB values as the grayscale image data. By performing the same operation on all the pixels, the frequency image shown in Fig. 4 (c) is generated. After getting the frequency image, a frequency feature detection image is generated. The pixels with the larger number in the frequency image indicate uniform color, while the pixels with the smaller number in the frequency image indicate uneven color. The frequency feature detection image (grayscale image) was generated by assigning the white color value of 255 to the pixels above the threshold in the frequency image, and assigning gray color values from 0 to 254 to the pixels below the threshold in the frequency image. The gray color values from 0 to 254 were derived by (number of appearances of a set of RGB values/threshold) × 256. As an example, when the threshold 10 is assigned to the frequency image shown in Fig. 4 (c), the grayscale value 255 is assigned to the pixels with appearance number 11 of a set of RGB values. The grayscale values 77 and 128 were assigned to the pixels with appearance number 4 and 5, respectively. As the result, the frequency feature detection image shown in Fig. 4(d) is generated. Figure 5 shows examples of frequency feature detection images of a non-defective and defective product with uneven color. In Fig. 5(a) , there are relatively few pixels expressed in gray scale (which corresponds to a part with uneven color), and most of the pixels are white. It is understandable that the color distribution of the formed product is uniform. Ogawa, Aoyama and Sano, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.12, No.6 (2018) Conversely, compared to Fig. 5(a) , most of pixels in Fig. 5 (b) are expressed in grayscale. This means that jetting and flow marks were detected in parts with uneven color. In order to quantify the degree of uneven color, the total value of the pixels of the frequency feature detection image was adopted. The total value accomplishes to distinguish non-defective products and products with uneven color. The threshold of the total value to distinguish them was determined based on the frequency feature detection images of non-defective products and products with uneven color. As the results, the products having the total value of 2.2 × 10 7 or more were identified as non-defective products and the products having the total value of less than 2.2 × 10 7 were determined as uneven color products.
Recognition method of weld line defects and transfer defects
Weld line defects are formed by the convergence of two or more melted resin flows. Weld lines affect not only the strength but also the appearance of products. Transfer defects are surface failures caused by the inadequate transfer of the surface state of a mold. Figure 6 (a) shows an example of a product with weld line defects and transfer defects for a non-defect product shown in Fig. 6(b) . In order to identify the weld line defects and the transfer defects, color image data was utilized. The color image was photographed in the direction of reflection angle for the main illumination direction as shown in Fig. 7(a) . The photographed images of a non-defect product and a product with weld line defects and transfer defects are shown in Figs. 7(b) and 7(c).
The variance value and the average value of the RGB data on a photographed image were derived. In the developed system, the weld line defects were identified by the variance value, and transfer defects were determined by the average value. In order to visually understand the meaning of the values, the histograms of the RGB data of the images with nondefects and defects of weld-lines and insufficient transfer are shown in Fig. 8 . It is understandable that the variance values and the average values of the RGB data of a defect product image are obviously different from the ones of a non-defect product image. The histograms shown in Fig. 8 are derived from the RGB data of the 200 pixels in width and 300 pixels in length of the central region of the images. Systems, and Manufacturing, Vol.12, No.6 (2018) In order to determine the thresholds for judging whether products have weld lines/transfer defects based on the variance values and the average values, the values of 100 products were investigated. According to the investigation, the thresholds to judge the defects were then determined as shown in Table 2 .
Injection condition determination method using neural network
The injection molding machine (Sodick Co., Ltd., LP20EH2) used in this study can control mold temperature, cooling time, injection speed, cylinder temperature, and nozzle temperature during the molding process. In order to determine the optimum injection conditions, a NN model was applied. As mentioned above, the parameters to judge molding defects were derived. The input layer consists of the following parameters: the different pixel numbers to identify short shots and burrs, the ratio of grayscale pixel number to judge the uneven color, the variance values of RGB data to judge weld line defects, and the average values of RGB data to judge transfer defects. The output layer consists of the following injection conditions: mold temperature, cooling time, injection speed, cylinder temperature, and nozzle temperature. Figure 9 shows the structure of the NN implemented by the simulation software Matlab2016a. The NN was constructed by using two middle layers of 20 neurons. Systems, and Manufacturing, Vol.12, No.6 (2018) The learning data for the NN was obtained from experiments performed by randomly changing injection conditions within the range shown in Table 3 . One hundred and fifty sets of learning data were then generated. In the learning process of the NN, the learning iterations was 1000, and the backpropagation method and a hyperbolic tangent function as the activation function between the nodes were applied. The coefficient of determination of the output results for the input parameters of the NN after learning was 0.98 for XX test data. It is notable that the NN has high accuracy in explaining the injection conditions according to the defect parameters.
Verification of the proposed method
In order to verify the effectiveness of the proposed method, molding experiments were conducted under the injection conditions derived by the proposed method. Table 4 lists the input parameters into the NN for forming nondefective products. In setting the input parameters, the difference between the pixel number of non-defective products and short-shot/burr products should be 0, and the parameter to judge the degree of uneven color was changed within the allowable range. The variance and average values of the RGB data to determine weld line defects and transfer defects were also changed within the allowable range. The output results: the injection conditions, for the 15 sets of input parameters in Table 4 were derived as shown in the Table 5 . 200-300 Nozzle temperature [°C] 200-300 Table 3 Injection parameter ranges Ogawa, Aoyama and Sano, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.12, No.6 (2018) The 15 products were then molded under the conditions shown in Table 5 . It was confirmed that the products did not have burrs, short shots, uneven color, weld line, and transfer defects. In order to verify the 15 products from the perspective of the parameters to judge the defects, the parameters of the products were derived. Table 6 shows the results of the judged parameters. They are within the ranges of non-defective products. These results show that the 15 products are non-defective (or have no defects), which means that the injection conditions derived using the proposed method can be used to mold non-defective products.
As mentioned above, it was confirmed that the injection conditions derived from the sets of parameters listed in Table 4 molded non-defective products. The conditions derived from parameter set No. 1 in Table 4 are the most robust while the conditions derived from parameter set No. 15 in Table 4 are the least robust, that is, the parameters in Table 4 are arranged by order of robustness for molding non-defective products. Therefore, it is expected that more robust injection conditions will be derived from parameters extrapolated from parameter set No. 1 in Table 6 Judgement parameters of molded products Ogawa, Aoyama and Sano, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.12, No.6 (2018) necessary to confirm whether the injection conditions derived from the parameters extrapolated from parameter set No. 15 in Table 4 will mold defective products. The parameter sets No.-1 to No.-10 in Table 7 were derived by extrapolating the parameters from No. 1 in Table  4 to obtain more robust parameter sets. The parameter sets No. 16 to No. 25 in Table 7 were also derived by extrapolating the parameters from No. 15 in Table 4 to obtain more un-robust parameter sets. Table 8 shows the robust injection conditions derived for parameter sets No.-1 to No.-10 using the proposed method. Molding experiments under the injection conditions shown in Table 8 were conducted. Table 9 shows the parameters of the molded products. As the parameters in Table 9 indicate, all products were non-defective. It can be seen that the variance value and the average Ogawa, Aoyama and Sano, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.12, No.6 (2018) value of the products of No.-1 and No-2 in Table 9 are lower than those of the product of No.1 in Table 6 . This means that it is possible to determine the most robust injection conditions by extrapolating the parameters. Table 10 shows the un-robust injection conditions derived from the parameter sets No. 16 to No. 25 using the proposed method. Molding experiments were also conducted with the injection conditions in Table 10 . Table 11 shows the parameters of the molded products. As the parameters in Table 11 indicate, all products were defective except No. 16. This means that the injection conditions derived from un-robust parameters molded defective products.
Conclusion
In this study, a method was proposed to automatically recognize the defects of molded products and determine the optimum injection conditions. The following conclusions were obtained:
(1) Recognition of the defects of molded products was performed by image data processing for burrs, short shots, uneven color, weld lines, and transfer defects. (2) In the case of recognition of burrs and short shots, the difference between the pixel number of non-defective product images and the pixel number of product images with burrs and short shots was applied. (3) In the case of recognition of uneven color, the frequency feature detection image was generated and the total pixel value was considered to quantify the quality product. (4) In the case of recognition of weld line defects and transfer defects, RGB histograms were derived from the photographed image data, and the variance value and the average value were calculated to distinguish defective products from non-defective products. (5) The injection conditions for molding non-defective products were determined using the NN. Table 10 Determined injection conditions Ogawa, Aoyama and Sano, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.12, No.6 (2018) 5.
(6) the effectiveness of the proposed method was confirmed by experiments conducted using the injection conditions determined by the proposed method. (7) It was also confirmed that the most robust injection condition was derived by extrapolating the conditions of basic experiments.
